Abstract: Assessing the performance of appropriate agricultural conservation practices (CPs) frequently relies on the use of simulation models as a cost-effective tool instead of depending solely on the monitoring of water quality at individual field and watershed levels. This study evaluates the predicted impacts of several CPs on nutrient and sediment loss at the hydrological response unit scale in the L'Anguille River Watershed, which is a watershed identified as a "focus watershed" under the Mississippi River Basin healthy watershed Initiative (MRBI) program. The Soil and Water Assessment Tool model was calibrated and validated between 1998-2005 and 2006-2012, respectively for flow, sediment, total phosphorus, and nitrate nitrogen. Out of the seven MRBI CPs modeled in this study, the highest reduction in sediment (80%) and nutrient (58% for total phosphorus and 16% for total nitrogen) was predicted for the critical area planting practice, followed by filter strip, irrigation land leveling, grade stabilization structure, irrigation pipeline, nutrient management, and irrigation water management. Some of the predicted impacts conflicted with expected CP performance. The study underscores the importance of the proper formulation of CP algorithms in using simulation models for predicting impacts on water quality.
Introduction
Agricultural sources have been reported to increase sediment losses [1] and cause hypoxia problems in the Gulf of Mexico by contributing more than 70% of the delivered nitrogen (N) and phosphorus (P) in the Mississippi River Basin [2] . Reports in the mid-2000s implied that commodity payments ($52.2 billion), which were appreciably higher than conservation subsidies ($8.5 billion) for farms in the MRB (1995 to 2002), contributed to greater N and P loads discharging into the Gulf, and thereby an increase in the hypoxic zone (Environmental Working Group, 2006-http://www.ewg.org/ reports/deadzone).
The generation and delivery of agricultural sediments such as N and P can be minimized by the implementation of various conservation practices (CPs) [3, 4] . It is important to note that farmers' motivations are largely responsible for the implementation of CPs on farms [5] . In order to support the adoption and tracking of conservation measures, the United States Department of Agriculture (USDA) Natural Resources Conservation Service (NRCS) launched the Mississippi River Basin healthy watershed Initiative (MRBI) in 2009 by providing $320 million over five years [3, 6] . The MRBI initiative's objective is to help producers in designated MRBI watersheds obtain cost-share funding to implement CPs, mainly to control sediment and nutrients [7] .
1.
Parameterizing SWAT for LRW by enhancing the model setup procedure, 2.
Calibrating and validating the SWAT model, 3.
Incorporating MRBI-recommended CPs in the SWAT model, and 4.
Assessing the impacts of selected MRBI CPs on water quality of LRW.
Materials and Methods

Study Area
Land use in the LRW is predominantly agricultural, with 69.2%, 18.9%, 5.1%, 3.5%, 1.9%, and 1.4% in crop, forest, pasture, urban, barren, and water, respectively. It is located in the Mississippi Delta ecoregion of east central Arkansas (Figure 1 ). The LRW drains an area of 2474 square kilometer in the LRW, and land covers in the LRW are corn, cotton, rice, soybean, and specialty crops (mixed land uses: tomatoes, watermelon, etc.) [18] . The Arkansas Natural Resources Commission reported LRW as a priority watershed for nutrients for the 2011-2016 Nonpoint source Pollution Management Plan [19] . 
SWAT Model Inputs
SWAT inputs along with their data sources and resolutions are shown in Table 1 . The SWAT model (SWAT2012: Revision 627) for the LRW was developed with the ArcSWAT 2012.10_1.15 (July 2014) interface that was compatible with ArcGIS 10.1 version. Studies have indicated better hydrological responses by using Next-Generation Radar (NEXRAD) precipitation data in SWAT [20, 21] . As the NEXRAD-SWAT tool (for processing NEXRAD datasets) was not compatible with ArcGIS 10.1, the NEXRAD dataset was processed using ArcGIS 9.3 (Environmental Systems Research Institute, Redlands, CA, USA). Management practices for the crops grown in the LRW were obtained for each county from the research verification reports published by the University of Arkansas Cooperative Extension Service and have been reported by Singh [22] . These practices were incorporated in the SWAT model by modifying the management operations table in the ArcSWAT interface.
The use of multiple temporal land uses has shown improved spatial and temporal hydrological responses from the SWAT model [23] . Land use changes have also been reported to mask water quality improvements resulting from the implementation of CPs in a watershed [24] . This study used multiple temporal land use/land cover (LULC) data from two different sources-the Center for Advanced Spatial Technologies (CAST) and the National Land Cover Dataset (NLCD) [25, 26] . To obtain a common land use classification for all of the LULC data, the LULC categories in the CAST and NLCD data were merged following an approach detailed by Pai and Saraswat [27] (Table 2) .
The land-use data in the NLCD included the presence of wetland, whereas the CAST land-use data lacked this information. It is known that wetlands may alter the hydrologic cycle of a watershed [28] . Due to the large area of the LRW under wetlands (about 10% of the LRW area), and considering its importance in impacting nutrient flows, it was decided to utilize default wetland processes for the "WETL" land-use category in the SWAT. For this purpose, wetland information in the CAST data was incorporated from the NLCD data through image processing techniques. Wetlands classified in the 1992 NLCD data (9% of the watershed area) and 2001 NLCD data (10% of the watershed area) occupied more or less the same spatial area. Wetland information in the 1999 CAST data was derived from the 1992 NLCD data, and in the 2004 and 2006 CAST data was derived from the 2001 NLCD data. The percentage of watershed area occupied by the wetlands in the CAST data before and after the wetland incorporation is shown in Table 3 . For instance, 1999 CAST land use data had 0% area (i.e., no wetland) before, and 9% of wetland area after the incorporation process. NLCD 1992 and 2001 data did not provide a break-up of locations under different crops (such as corn, soybean, etc.); rather, it included only a general category that was referred to as "cultivated crops" [26] . Therefore, the LULC data was enhanced by the incorporation of specific cultivated crop-related information in the NLCD data from cropland data layers (CDL). The percentage of watershed area occupied by cultivated crops in the NLCD data before and after the enhancement process was implemented is shown in Table 3 . For instance, the 2001 NLCD land use data had 73% cultivated crops before the enhancement process, and 11% cultivated crops after the enhancement process, resulting in 62% of the cultivated crop split into different crops. As there are no CDL layers available for 1992, the cultivated crop category in the NLCD1992 data was not subjected to the enhancement.
Model Specifics
A user-defined approach was used in this study to generate sub-watershed boundaries that matched 12-digit HUC boundaries as defined by the United States Geological Survey (USGS). Although commonly-used thresholds range from 5% to 15% [16] , there are no available guidelines specifying what or if thresholds for land use, soil, and slope, should be selected for water quality assessment studies. However, as per the recommendation of Her, Frankenberger, Chaubey, and Srinivasan [16] , the model was set up with 0% thresholds for land use, soil, and slope in order to not lose any spatial information in the watershed while estimating the water quality impacts of the implemented CPs. The use of no thresholds resulted in 10,561 HRUs that were simulated using the supercomputer facility at the University of Arkansas and a 64-bit processor with 16 GB random access memory (RAM) memory. SWAT input files in text file format were transferred to the supercomputing facility. A secure shell client (SSH) was used to connect the supercomputing nodes to the desktop computer. The SWAT source code was compiled into a Linux executable. The SWAT model was run with the help of a Portable Batch System (PBS) file. Calibration at the supercomputing facility reduced the SWAT run time to one-third of the time required on the desktop computer.
Phosphorus Initialization
The soil P routines in the SWAT model simulate three inorganics (active, solution, and stable), and two organic pools (fresh and humic) [15] . Since the soil P data for the LRW were not available, fixed amounts of soil P pools for each HRU were initialized in SWAT and treated as a calibration value. Though the inclusion of a warm-up period before model calibration tends to stabilize nutrient pools, the selection of initial values for various nutrient pools has not been discussed much in the literature. The approach reported by Vadas and White [29] was adopted to initialize the solution P and P sorption coefficient (PSC) parameters in SWAT by using the existing soil chemical data.
A long-term soil test dataset was obtained from the University of Arkansas Soil Testing and Research Laboratory for three counties (Craighead, Cross, and Lee) within the LRW. As the exact location of the samples was not available, the data was aggregated on a county basis, and it was assumed to be representative of all of the soils in the sub-watersheds in that county. As the Mehlich-3 soil test method was used for obtaining the soil P concentrations [30, 31] , the approach recommended by Vadas and White [29] was used to initialize the soluble P (Sol_P) pool of the SWAT model from Mehlich-3 extractable soil P concentrations. Using this approach, the final Sol_P values selected for the initial soil P levels for the Craighead (sub-watershed 5), Cross (sub-watersheds 7, 8, 12, 15, 17, 20, 22, 24, and 26) , and Lee (sub-watersheds 28, 29, and 30) counties were calculated to be 37.4 mg/kg, 22.2 mg/kg, and 34.2 mg/kg, respectively.
Another parameter-PSC, which is a watershed-scale parameter-was estimated based on the equations presented in Sharpley, Jones, Gray, and Cole [32] . These equations provided PSC values for calcareous, highly weathered, and slightly weathered soils. In the LRW, the three major soil groups present were Henry, Calloway, and Zachary. The suborder of Henry, Calloway, and Zachary were Aqualfs, Udalfs, and Aqualfs, respectively. All of these suborders fall within the Alfisols order, which is highly weathered. For highly weathered soils, the PSC was estimated using Equation (1) [29] :
The %Clay and %Organic C in the top layer was averaged for the top three soils groups obtained from the soil survey geographic datasets. The Sol_P value used in Equation (1) was obtained by averaging the calculated values for Craighead, Cross, and Lee Counties, as reported in the previous paragraph. Thus, the estimated PSC value was calculated to be 0.29, and was used in the SWAT model for initializing the P pools.
Calibration and Validation
The SWAT model was set up from 1995 to 2012, with three years as a warm-up period. The calibration period was from 1998 to 2005, and the validation period from 2006 to 2012. The model was calibrated and validated for flow, sediment, total phosphorus (TP), and nitrate nitrogen (NO3-N). A flowchart for the calibration methodology developed by Santhi, Arnold, Williams, Dugas, Srinivasan, and Hauck, [33] and revised by Engel, Storm, White, Arnold, and Arabi [34] was further revised in this study ( Figure 2) .
A standalone tool, SWAT-Check, was used to read the selected SWAT outputs and alert for common model application errors [35] . SWAT-Check was used before and during the calibration process to resolve potential warnings in the model, which were mostly related to the hydrological and N-cycle processes. Latin hypercube sampling and the one factor-at-a-time method were used to conduct sensitivity analysis. The SWAT model was calibrated and validated at a monthly time-step for the Colt and Palestine USGS sites. Manual calibration was used to adjust the parameters to better represent the measured data. The objective functions used to optimize flow, sediment, TP, and NO3-N were the coefficient of determination (R 2 ), Nash-Sutcliffe efficiency (NSE), percent bias (PBIAS), and root mean square error-standard deviation ratio (RSR). The established model performance criteria proposed by Santhi, Arnold, Williams, Dugas, Srinivasan, and Hauck [33] for R 2 and Moriasi, Arnold, Van Liew, Bingner, Harmel, and Veith [36] for NSE, PBIAS, and RSR were used to evaluate the model.
The measured datasets for flow, sediment, TP, and NO3-N were obtained from the USGS website (waterdata.usgs.gov/nwis). Information about the drainage area and data duration at Colt and Palestine are reported in Table 4 . The flow data was split into surface and base flow using the base flow filter program. The Load Estimator (LOADEST) tool was used to obtain continuous monthly values for sediment, TP, and NO3-N at the Colt site. The LOADEST software was developed by USGS, and has been used by many researchers [37, 38] . The adjusted maximum likelihood estimation (AMLE) was used in LOADEST, as it assumes that the samples are normally distributed with a constant variance, and generates a nearly unbiased estimate of instantaneous load, even for the censored data (data censoring occurs when there are one or more observations with constituent concentrations less than the laboratory detection limit) [39] . There were 325, 85, and 89 observations available for sediment, TP, and NO3-N. Model 9 was selected for the sediment load estimations, and model 1 was selected for the TP and NO3-N load estimations based on Akaike Information Criterion. The regression in model 9 explained >83% of the variability in the sediment loads, and the regression in model 1 explained >90% and >72% of the variability in the TP and NO3-N loads, respectively, indicating a good model fit. The p-values for the regression coefficients were statistically significant for sediment, TP, and NO3-N (p < 0.05), except for the sediment a4 coefficient (p = 0.3), indicating that the changes in the predictor's value are related to the changes in the response variable. To further assess how well LOADEST is predicting the concentrations of each constituent, daily LOADEST load estimations were converted to concentrations, and compared with the available observed values. The correlation coefficients between the estimated and measured concentrations were 0.60, 0.65, and 0.56 for the sediment, TP, and NO3-N, indicating a good model fit. The LOADEST tool was not used for obtaining sediment and nutrient estimates at a monthly time-step at Palestine due to an insufficient number of water quality samples (only seven) available from October 1998 to December 2012. 
Selected CPs
Based on the ability of the SWAT model to simulate CPs, seven MRBI-recommended CPs were simulated in the SWAT model that was developed for the LRW: filter strip, critical area planting, grade stabilization structure, irrigation land leveling, irrigation pipeline, irrigation water management, and nutrient management. Selected CPs were simulated by changing the relevant parameters in SWAT to represent specific processes relating to the CPs in the model to assess impacts on sediment, TP, and total nitrogen (TN) transport.
A filter strip represents a strip of permanent vegetation that is established at the edge or around the perimeter of a field [40] . This practice applies to cropland and grazing lands. Lacking specific information from the LRW, filter strips were simulated in the SWAT model using the default parameters for the in-built filter strip module in ArcSWAT (i.e., FILTER_RATIO = 40, FILTER_CON = 0.5, and FILTER_CH = 0).
Critical area planting represents establishing permanent vegetation on sites that have high erosion rates or have physical, chemical, or biological conditions preventing the establishment of vegetation with normal practices [41] . Critical area planting was simulated by replacing barren lands with pasture areas in good condition [42] . The area under the barren land-use class could comprise of a variety of landscape components; therefore, it was carefully examined using historical aerial imagery to ensure that the bare areas shown in the imagery were included under this category. Such examination was helpful in the accurate characterization of barren land HRUs. In this watershed, a majority of the barren area was found to be historically under minimal vegetative cover.
A grade stabilization structure represents a structure controlling the grade and head cutting in channels [43] . SWAT estimates sediment yield and erosion with the modified universal soil loss equation (MUSLE) and determines transport concentration capacity as a function of flow velocity by the modification of Bagnold's sediment transport equation. Grade stabilization structures were simulated by defining the slope steepness of channels [(CH_S (2) ] parameter in SWAT as 20% of the actual slope [42] .
Irrigation land leveling represents reshaping irrigated land surfaces to planned grades [44] . This practice was applied to all of the lands where irrigation has been applied. Irrigation land leveling was simulated by reducing the HRU slope (reducing HRU_SLP parameter by 10%) and slope length (reducing SLSUBBSN parameter by one-tenth of the default value) [45] .
An irrigation pipeline represents a pipeline installed to convey water for storage or application, as part of an irrigation water system [46] . This practice was also applied to all of the lands where irrigation has been applied. An irrigation pipeline was simulated by increasing the conveyance efficiency of the HRU from 0 to 5 (IRR_EFM in the management operation table) [45] .
Irrigation water management represents controlling the rate, amount, and timing of irrigation water in an efficient manner [47] . Similar to irrigation land leveling and irrigation pipelines, this practice was also applied to all of the lands where irrigation has been applied. Irrigation water management was simulated by adjusting the water volume required for irrigation with respect to the seasonal total rainfall received (planting to harvest date) [45] . The water application rate was adjusted based on the quantity and the timing of rainfall using the method described by Kannan, Jeong, and Srinivasan [45] .
Nutrient management represents managing the amount (rate), source, placement (method of application), and timing of plant nutrients and soil amendments [48] . This practice was applied to all of the lands where plant nutrients and soil amendments were applied. In this study, a more restrictive application scenario of nutrient management was simulated by reducing fertilizer inputs by 50% of the pre-CP scenario. Several SWAT model studies have also reported a 50% fertilizer reduction scenario [49] [50] [51] ; therefore, this study was designed to further the results reported by past studies.
Results
Calibration and Validation Results
Water balance is the major driving force behind all of the processes in SWAT, as it impacts plant growth as well as movement of sediments, nutrients, pesticides, and pathogens. SWAT simulates watershed hydrology into the land phase, controlling the amount of water, sediment, nutrient, and pesticide loadings to the main channel in each sub-watershed, and the in-stream phase, controlling the movement of water, sediments, etc., through the channel network of the watershed to the outlet. More details of these processes can be found in the SWAT theoretical documentation [52] . To evaluate the initial model performance, an overall annual water balance was calculated at the watershed scale using the basin level output (output.std). The water balance was calculated with the help of Equation (2).
To evaluate water balance, both sides of the above equation were expected to be similar over a long simulation period. This was verified using simulations from 1998 to 2005 (calibration time period) at an annual scale. The sum of surface runoff (343 mm), groundwater discharge (165 mm), evapotranspiration (512 mm), and aquifer recharge (122 mm) accounted for~100% of the precipitation (1145 mm), and the small difference being the change in the soil water content; hence, the water balance of the watershed was considered satisfactory. The sum of simulated groundwater (165 mm) and lateral flow (10 mm) contributed 37.8% of the total water yield (463 mm), which is similar to the base flow estimated at the USGS gage at Colt (38%). Precipitation in the watershed ranged from 1105 mm to 1275 mm per year during the modeling period against an average annual precipitation of 1141 mm.
SWAT-Check warnings, as well as their potential resolutions, are reported in Table 5 . The warnings were related to the hydrology, N-cycle, plant growth, and point sources sections of the SWAT-Check tool. Once warning issues were resolved, the sensitivity analysis was conducted to identify the parameters that could be used for model calibration. The five most sensitive parameters for flow, sediment, TP, and NO3-N are listed in Table 6 . Some parameters (not identified as sensitive parameters) were selected to make a better fit for the measured and simulated data [33] . Table 5 . SWAT-Check messages/warnings and potential resolution for the LRW Soil and Water Assessment Tool (SWAT) model.
Warnings Resolution Section 1: Hydrology
Water yield may be excessive This warning appears mostly when the evapotranspiration simulated in the uncalibrated model is low. Evapotranspiration-related parameters such as soil evaporation compensation factor should be modified during calibration to resolve this warning.
Section 3: Nitrogen Cycle
Denitrification is zero, consider decreasing denitrification threshold water content This warning appears when the parameters dictating the start of denitrification (denitrification threshold water content -SDNCO and denitrification exponential rate coefficient -CDN) are zero. As a result, these two denitrification parameters should be adjusted during calibration to initiate the process of denitrification in the model. 
Warnings Resolution Section 5: Plant Growth
Unusually low phosphorus stress
The models nutrient balance was functioning properly, and as P was added during the crop management practices, this warning was dismissed [53] .
Section 9: Point Sources
Inlet/point sources contribute flow but not phosphorus This warning appears when no P loading is reported in the point source data received from the relevant agency (in this case Arkansas Department of Environmental Quality and Environmental Protection Agency).
Inlet/point sources contribute flow but not nitrogen
This warning appears when no N loading is reported in the point source data received from the relevant agency (in this case Arkansas Department of Environmental Quality and Environmental Protection Agency). Table 6 . Top five parameters identified as sensitive for flow, sediment, total P, and nitrate-N. CN2 affects the overland flow and was ranked as the most sensitive parameter for flow. The soil evaporation compensation factor (ESCO) was another sensitive parameter for flow, mainly because water balance is sensitive to ESCO. USLE_P was the most sensitive parameter for sediment, which indicated that changes in the land-use practice factor would affect sediment losses. USLE_C was another sensitive parameter affecting sediment, indicating that a change in crop management factors would affect sediment losses. The SPCON, SPEXP, and CH_N2 parameters that impact the channel processes also affected sediment losses, indicating that sediment losses in the LRW were affected by both overland (surface) and channel processes.
PHOSKD was the most sensitive parameter affecting TP. Similar to CN2, PHOSKD was also related to the overland process. As a result, it was observed that the overland processes mostly impacted flow, sediment, and TP in the LRW. RCHRG_DP was the most sensitive parameter for NO3-N, which was expected, as the movement of NO3-N is mainly an underground process.
Parameters adjusted for calibration and validation are shown in Table 7 . A detailed description of the parameters is reported in the SWAT2012 Input/Output File Documentation available at http: //swat.tamu.edu/documentation/2012-io/. The parameters were adjusted such that their values were kept within the recommended ranges suggested by SWAT modelers/developers. The statistical calibration and validation results at the Colt and Palestine sites are shown in Table 8 , and the temporal results at both of the sites are shown in Figures 3-5 . The R 2 , NSE, and PBIAS were satisfactory or better, indicating a satisfactory goodness of fit; however, RSR was unsatisfactory during the calibration period for sediment, TP, and NO3-N. Since both PBIAS and RSR are error indexes, and PBIAS was satisfactory or better for sediment, TP, and NO3-N, calibration results were assumed as satisfactory.
The PBIAS statistics indicated an overprediction of total flow during the calibration period (negative biases) and underprediction during the validation period (positive biases) at the Colt site ( Figure 3) . A high underprediction of total flow occurred during March 2002, whereas high overprediction was observed during October 1998 and 1999, June 2000, and May 2004 (Figure 3) . In contrast, total, surface, and base flow was overpredicted both during the calibration and validation period (negative biases) at the Palestine site. The only exception of underprediction of total and base flow at the Palestine site was in November 2009 ( Figure 4) . The underprediction and overprediction is attributed to the SWAT model's inability to simulate a storm event as it is designated for long-term simulation. It has been reported that the inability of the input rainfall data to completely reflect the actual spatial variability of rain could lead to errors in predicting flow [33, 54] . The other sources that could lead to the overprediction or underprediction of flow comprises of a combination of measurement error, systematic error, model uncertainty, subjective judgment, and inherent randomness [55] [56] [57] . Sediment was underpredicted by SWAT for the calibration and validation period at the Colt site. Sediment underprediction during March 2002 is tied with flow underprediction for the same month ( Figure 5 ). As P binds with sediment and gets transported with it, TP was found to be underpredicted for the calibration and validation period, which was similar to sediment. Overpredicted peaks were observed for NO3-N (October 1999 and November 2004) during the calibration and validation period, while it was found to be underpredicted for February 2002. In general, the calibration of NO3-N is often difficult, resulting in poor simulations [58] . It can also be assumed that errors in baseflow predictions were expected to propagate to NO3-N. Overall, the model was considered satisfactory due to the robustness of the multisite, multivariable, and multiobjective calibration and validation strategy. 
Comparison of Pre-CP and Post-CP Scenarios
Since water quality losses in the near future are of interest, simulations were run for five years (2013 to 2017) past the model calibration and validation period. The statistical weather calculator available in SWAT was used for preparing the projected weather data files. Paired t-tests were performed at a monthly scale to test differences between the predicted losses (i.e., sediment, TP, and TN) at each HRU comparing pre-CP and post-CP datasets, as well as each pair of CPs.
It should be noted that the pre-CP scenario reflects no CPs implementation in LRW. For the post-CP scenario, each CP was simulated separately in SWAT. The simulated average annual sediment and nutrient losses exiting the HRUs from each CP (post-CP) were compared with the pre-CP losses scenario. The relative percentage load reduction associated with the selected CPs compared to the pre-CP scenario is shown in Figure 6 . The authors have used a relative comparison criterion where if a CP has a greater total percentage reduction (sum of the percentage reduction of sediment, total phosphorus, and total nitrogen), then that CP gets a higher ranking.
In general, filter strips are used to reduce nutrient losses from upland areas of the watershed. It was the most effective CP in reducing predicted TN loss (40%), along with second most effective in reducing predicted TP loss (43%; Figure 6 ). The filter strip scenario results reported in this study fall within the ranges of sediment, TP, and TN reduction from 22 published studies reported by White and Arnold [59] . Parajuli, Mankin, and Barnes [60] reported 63% sediment reduction with the target filter strip scenario, which is little higher than what has been observed in this study. Critical area planting was the most effective CP at reducing predicted sediment (80%) and predicted TP loss (58%), along with the second most effective at reducing predicted TN (16%; Figure 6 ). Santhi, Srinivasan, Arnold, and Williams [42] and Tuppad, Santhi, Srinivasan, and Williams [61] also reported high reduction in predicted sediment, TP, and TN losses (98-100% sediment reduction, 90-99% TP reduction, 82-99% TN reduction) with the critical area planting scenario.
As grade stabilization structures work to increase deposition in upstream channel reaches, these structures were most effective where channel degradation causes erosion and deteriorate water quality. Grade stabilization structures decreased predicted sediment loss (36%) to a relatively greater extent than predicted TP (5%) and predicted TN (2%; Figure 6 ). Tuppad, Santhi, Srinivasan, and Williams [61] and Arabi, Frankenberger, Engel, and Arnold [62] also reported high reduction in sediment (71-74%) with a grade stabilization structure scenario.
Irrigation land leveling resulted in a decrease in the HRU slope and slope length, which in turn influenced surface transport processes. As sediment and P are affected the most by surface processes, with N transport mainly a subsurface flow process, irrigation land leveling was more effective in reducing predicted sediment (52%; second most effective among CPs) and predicted TP (37%) loss compared with predicted TN (7%) loss. Kannan, Omani, and Miranda [63] also found a higher percentage of sediment reduction (42.4%) compared with TP and TN reduction, with the simulation of irrigation land leveling CP. Irrigation pipeline, irrigation water management, and nutrient reduction CPs were found to be less effective in decreasing nutrient and sediment loading in the LRW compared to other selected CPs.
Irrigation pipeline CPs reduced sediment, TP, and TN by 4%, 3%, and 8%, respectively; and irrigation water management by 3%, 2%, and 5%, respectively. Kannan, Omani, and Miranda [63] also reported similar results-a reduction of 3% in sediment, 4.3% in TP, and 11.9% in TN with the simulation of irrigation CPs.
Nutrient reduction decreased TP and TN loss by 4% and 14%, respectively, but increased sediment loss slightly (5%; Figure 6 ) compared with pre-CP losses. This reduction in N and P losses with the adoption of nutrient reduction is consistent with this CP functioning to decrease the rate of nutrients applied, and at a time when there is a lower risk of runoff or leaching. The slight increase in sediment loss compared with the pre-CP with nutrient reduction may have resulted from lower crop yields as a consequence of lower N and P applications (5%; Figure 6 ). The lower crop yields (overall 8% reduced yield) likely resulted in less vegetative cover, and thus more erodible exposed soil surfaces. This yield reduction was contrary to the expected impact of properly applied nutrient reduction, which is intended to eliminate excess nutrient application, not to reduce yield [64] .
In summary, the variability in CP performance in this study supports previous reports that CP effectiveness is dependent on watershed characteristics, placement strategy, and CP type [61, 65, 66] .
The overall effectiveness of CPs in decreasing order were: critical area planting, filter strip, irrigation land leveling, grade stabilization structure, irrigation pipeline, nutrient reduction, and irrigation water management. A paired t-test was performed at a monthly scale to evaluate differences between predicted losses at each HRU and compare pre-CP and post-CP datasets, and it suggests significant differences (p < 0.05) in sediments and nutrient loadings. In addition, paired t-tests between losses from each pair of CPs also revealed significant differences (p < 0.05).
Cumulative nutrient and sediment loss curves were developed at the HRU level to visualize the effectiveness of CPs (Figure 7 ). Only one CP, i.e., irrigation land leveling, is shown in Figure 7 for sediment, TP, and TN. White, Storm, Busteed, Stoodley, and Phillips [67] presented several such curves to show sediment and nutrient losses variation with respect to the HRU area. The cumulative nutrient and sediment curves were sorted with respect to the contributing watershed area (HRU area). The contributing watershed area (%) was arranged in ascending order, and sediment and nutrient losses (tons or kg) were plotted with respect to the contributing watershed area. This allowed the comparison of pre-CP and post-CP loss from the same HRU ( Figure 7) . It is evident that cumulative sediment, TP, and TN loss with CPs in place was less than that with no CPs for the same contributing watershed area. For instance, the post-CP sediment losses were approximately 35,000 tons compared to the pre-CP sediment losses of approximately 75,000 tons. As the contributing watershed area increased, the difference in loadings between with and without the CP scenario became larger for sediment than TP and TN ( Figure 7) . The trend for TP was similar to that of sediment, because of the ability of P to bind and transport with sediments. Moreover, sediment and TP are dominated by surface processes, as opposed to TN, which is dominated by underground processes. The reductions obtained were higher for sediments (52%), followed by TP (37%) and TN (7%). Kannan, Omani, and Miranda [63] also reported that the sediment reduction from irrigation land leveling CP (42%) was higher than that obtained by TN (35%). 
Discussion
Challenges in Modeling CPs
Although various CPs have been modeled with SWAT in this study, it is imperative to understand the weaknesses that are associated with their simulation in the model. For example, during filter strip simulation, the filter strip placement and effectiveness throughout an HRU could vary, but a unique representation of filter strips by the default parameters does not allow capturing this variability. Also, the SWAT model lacks spatial realism for filter strips, as it is not possible to identify the exact location of the filter strips in the model.
Pasture was simulated on all of the barren areas for defining critical area planting in this study. However, some barren areas, such as rocky or eroded land, might not be suitable for healthy pasture establishment. Moreover, critical area, which is similar to marginal land, can be defined in various ways, such as based on soil health, current land use, environmental degradation [68] , and land capability classes [69] . As a result, the definition of critical area might vary, as per the intended purpose of the studies.
Grade stabilization structures were represented in the model by reducing the slope as 20% of the actual slope. However, some parts of a stream that do not have high slopes might not be candidates for this CP. Irrigation land leveling, which was represented in the model by reducing slope and slope length, might not be useful in areas with an existing irrigation system where there is no need of irrigation land leveling. Moreover, the same irrigation land leveling methodologies might not be applied to different crop conditions. Irrigation pipeline, which was uniformly represented in the model by improving conveyance efficiency, may not be applicable to all of the systems in the HRU. In a large watershed modeling study, considerations relating to the irrigation appurtenances, pressure, frictions losses, and flow velocity might be impractical [48] . At present, a user has no ability to place the pipeline at a specific location in the HRU where they may be needed.
Irrigation water management controls the amount of irrigation water for the efficient utilization of available water. Controlling the application of irrigation water should not only be based on rainfall occurring on a specific day, it also should depend on the amount of antecedent rainfall. Although modeling nutrient reduction CP as a measure of restrictive N and P application scenarios reduced TP and TN losses, it also increased sediment losses, and caused a decrease in crop yield. We acknowledge that the simulation of nutrient management by uniformly reducing applied fertilizers may not provide useful information. Rather, this scenario should be based on information about soil nutrient status and crop nutrient requirements.
Conclusions
Many water quality programs have been launched to implement several CPs across the US. One of such programs, the MRBI, has been launched by the USDA-NRCS to control sediment and nutrients. The MRBI helps producers and invests through cost-share funding in designated MRBI watersheds to implement CPs. The MRBI is also interested in obtaining information relating to the quantification of the effectiveness of adopted CPs to reduce sediment and nutrient losses in each of the focus watersheds. The CP effectiveness information is necessary for future planning purposes. A modeling approach is found to be very useful in reporting such CP effectiveness information.
The impacts of seven MRBI-recommended CPs on water quality in the LRW were estimated with SWAT. The model setup procedure was improved to better reflect the landscape representation by incorporating wetlands in CAST land-use layers and cultivated crops in NLCD land-use layers. Moreover, no thresholds were used for land use, soil, and slope, to minimize the loss of spatial information, better represent hydrological processes, and accurately assess water quality results. The model was setup with the most recent available datasets at the time of study, and was calibrated and validated for total flow, surface flow, base flow, sediment, TP, and NO3-N at the Colt site, and for total flow, surface flow, and base flow at the Palestine site.
The statistical results for the calibration and validation were found to be satisfactory or better, except for a few RSR values for the calibration period. The critical area planting CP was found to be the most effective practice for reducing the overall predicted nutrient and sediment loss at the HRU level, followed by filter strip, irrigation land leveling, grade stabilization structure, irrigation pipeline, nutrient management, and irrigation water management. The results reported in this study might provide an insight as to what can be expected when a specific management practice is implemented. The study also suggests that not all CPs can be very well modeled, and there is a need to come up with better representation algorithms for CPs.
In the future, additional work is needed to model CPs accurately in the watershed, requiring detailed knowledge of the range of practices already existing. Modeling different combinations of CPs and analyzing the cost-effectiveness of targeted practices are additional areas of future research. Moreover, advanced CP tools that allow users to interactively select and simulate specific CPs can be used in the future to support policy in a better way.
